Rear-end collisions are one of the most common types of accidents, and the importance of examining rear-end collisions has been demonstrated by numerous accidents analysis researches. Over the past decades, lots of models have been built to describe driving behaviour during car following to better understand the cause of collisions. However, it is necessary to consider individual difference in car-following modelling while it seems to be ignored in most of previous models. In this study, a rear-end collision avoidance behaviour model considering drivers' individual differences was developed based on a common deceleration pattern extracted from driving behaviour data, which were collected in a car-following driving simulation experiment. Parameters of variables in the model were calibrated by liner regression and Monte Carlo method was adopted in model simulation for uncertainty analysis. Simulation results confirmed the effectiveness of this model by comparing them to the experiment data and the influence of driving speed and headway distance on the rear-end collision risk was indicated as well. The thresholds for driving speed and headway distance were 18 m/s and 15 m, respectively. An obvious increase of collision risk was observed according to the simulation results.
Introduction
According to statistics of the World Health Organization [1] , road traffic injuries are one of the eight lead causes of death globally. Among all the accidents types, rear-end crashes are the most frequently occurring one, accounting for 29% approximately and resulting in a substantial number of injuries and fatalities each year [2] . The reasons which contribute to the occurrence of a rear-end accident may involve any elements that constitute the whole traffic system, such as drivers, vehicles, and road environments. Among the elements, human factor is the most influential one, to which more than 90% of the accidents are related [3] . Human factor penetrates each link of the collision event from the emergence of risk to the collision avoidance. Any small deviation in the choice of driving state, risk perception, or decision-making may lead to the occurrence of an accident.
A rear-end collision is commonly induced by the sudden deceleration of the lead vehicle during a car-following process. From traffic engineering perspective, numerous models in the previous studies have been developed to describe carfollowing behaviour, including the Gazis-Herman-Rothery (GHR) model, the safety distance model, and the optimal velocity model [4, 5] . The GHR model assumed that drivers take an acceleration or deceleration action according to the speed relative to the lead vehicle and has been widely adopted due to its simplicity [6] . The safety distance model was first proposed by Kometani and Sasaki [7] . It differed from the GHR model by assuming that the drivers react to the distance relative to the lead vehicle rather than speed. The most popular safety distance model was developed by Gipps [8] , which hypothesized that drivers keep safe distance so that they can stop to avoid collision with the suddenly braked lead vehicle. In this model, a constant reaction time was used 2 Discrete Dynamics in Nature and Society for all vehicles. In the optimal velocity model introduced by Bando et al. [9] , the vehicle was assumed to have an optimal velocity, which depended on the distance from the lead vehicle. Sun [10] proposed an extended heterogeneous carfollowing model by considering relative velocity and mixed maximum speeds into optimal velocity function. Yu and Shi [11, 12] further extended the model with driver memory and found that the stability of traffic flow could be improved by considering memory effect in car-following behaviour. Later, the generalized force model [13] , relative velocity difference model [14, 15] , and full velocity difference model [16, 17] were developed on the base of optimal velocity model. However, the prior engineering car-following models tend to focus on the physical behaviour while ignoring the drivers' subjective role in accomplishing the driving task. The subsequent car-following models incorporating with human factors and environmental factors were then proposed. In the action point model firstly developed by Michaels [18] , drivers perceived relative velocity according to the changes on the visual angle subtended by the lead vehicle. When the perception threshold was exceeded, drivers would brake until they can no longer perceive any relative velocity. The relative distance and speed which were used in several engineering car-following models were replaced by visual angle and angular velocity in this model [19] . Both Zhou [20] and Hou [21] proposed extended car-following models by introducing the driver's visual angle into the full velocity difference model and found the proposed models were able to explain some complex nature of traffic phenomena. Nevertheless, the driver's reaction time was ignored in the action point model and a constant desired visual angle was used for simulation. In the further research, this model has been applied in many studies, but it seems challenging to select an appropriate visual angle [22] [23] [24] .
For the diverse car-following models mentioned above, the common limitation was that drivers' individual difference in different situations was not truly reflected. In most of the models, drivers' reaction time was set to be identical for all drivers or even neglected. Even for the action point model, the human factor was limited to drivers' perception of the relative velocity. However, as Hamdar [25] and Treiber and Kesting [26] presented, the human factors such as perception threshold and spatial anticipation can be quite different from individuals. Due to the variance of human behaviour and management decisions, the uncertainty analysis was then introduced to the transportation area. Sheu and Wu [27] proposed a dynamic driving perception model to investigate the relationship of perception uncertainty with reaction time in car following from a quantum optical flow perspective. Kim et al. [28] investigated the uncertainty of drivers' response to stimuli in car following with a random coefficient model. Among the research by utilizing uncertainty analysis, Monte Carlo is one of the commonly used methods [29] [30] [31] [32] . It has been widely used in systemic accident risk assessment in air traffic [33] [34] [35] while the utilization in car following is very rare.
However, the uncertainty of human factors also brings difficulties in collecting data. The traditional data used in carfollowing model are generally collected by loop detectors that can only provide the vehicle information while human factors are often simplified. However, the emergence of driving simulator provides an efficient method to deal with data collection problems. More importantly, the driving simulator tests can be conducted in controlled and high-risk conditions, e.g., potential rear-end collision, while the safety of participants can be ensured which was impossible in real traffic situation presently. Previous studies have shown that driving simulator is a reliable and valid apparatus to examine drivers' behaviour [36] [37] [38] . Muhrer and Vollrath [39] examined drivers' carfollowing behaviour by varying the lead vehicle's driving status (different braking behaviour, signaling or not before a turn) in a driving simulator experiment. Results indicated that drivers who do not foresee the sudden brake of the lead vehicle always cannot react in time. Based on a driving simulator experiment, Bella et al. [40] analyzed the driving behaviour during a car-following situation and developed a new collision warning algorithm which can reflect the real risk perception by drivers.
In the present study, a high-fidelity driving simulator was used to investigate drivers' car-following behaviour and rearend collision avoidance performance. A rear-end collision risk analysis approach was proposed with consideration of uncertainty existing in the key variables, e.g., drivers' reaction time, deceleration control time, and maximum deceleration rate. The model can be used to quantify the collision risk associated with parameters in the form of normal distribution instead of constant value. As the car-following behaviour maneuver may influence the potential rear-end collision risk undertaken, the relationship between driving speed, headway distance, and collision risk was then analyzed and discussed based on the Monte Carlo simulation results.
Methods

Research Framework.
The study focused on investigating drivers' rear-end avoidance performance during a carfollowing process and examining the rear-end collision risk distribution considering drivers' uncertainty. Figure 1 shows the basic research framework of this paper. First, a carfollowing experiment was conducted in a driving simulator to collect driving behaviour data related to the potential rear-end collision risk. In this experiment, scenarios with bidirectional single straight lanes were established while the lead vehicle in each scenario was driving at different initial speeds. The experiment results were used to extract drivers' common deceleration pattern when reacting to the lead vehicle's deceleration. Based on the pattern, a rear-end collision avoidance behaviour model was then developed and calibrated by linear regression based on driving behaviour variables such as reaction time, decelerating control time, and drivers' maximum deceleration rate. Considering the uncertainty of driving behaviour variables in form of normal distribution, the Monte Carlo simulation was further applied to quantify the rear-end crash risk. The uncertainty analyses can display the relationship between the probability of rearend collision and the car-following behaviour parameters, i.e., reaction time, headway distance, and driving speed. Before the formal experiment, the participants were given at least 10 min of training to familiarize them with the driving simulator operation. When the formal experiment began, the participants would rest for at least 5 min between the tests. All participants would receive 100 RMB (around 15 USD) for their attendance.
Equipment. The equipment used in this experiment
is Beijing Jiaotong University driving simulator (as shown in Figure 2 ). The simulator is composed of a realistic cabin of Ford Focus and automatic gearbox, gas/brake pedal, and other components which are in full accordance with the real vehicle. The driving scenarios are designed with special software and projected on five screens with a resolution of 1400×1050 pixels to realize a driver's 300-degree field of frontview and three rear-view mirrors (left, middle, and right), which are simulated by LCD screens. The simulated vibration system, environmental noise system, and one-degree-offreedom motion platform ensure that drivers in the simulator can react just as in real traffic conditions.
Scenario Design.
In this study, scenarios with a bidirectional two-way straight segment with the speed limit of 60 km/h were created. Three kinds of initial driving speeds (60 km/h, 40 km/h, and 20 km/h) of the lead vehicle were designed in this experiment, corresponding to three levels of traffic congestion. Within each level of traffic congestion scenarios, the participants were assigned to follow a lead vehicle that was running at one of three initial speeds (as shown in Figure 3 ). Three sensors were designed in each scenario to trigger the lead vehicle to decelerate at an assigned deceleration rate. When the driving speed of the lead vehicle reached the designed value, the lead vehicle would drive with this constant speed until it reached the next sensor; Figure 4 shows the speed and deceleration rate of the lead vehicle. Free traffic flow was not designed in the driving lane to avoid interference with the simulator, and a series of vehicles coming from the opposite direction were arranged to simulate the realistic traffic situation and avoid the simulator's overtaking behaviour. The duration of driving one trial was about 5 min; participants would rest for at least 5 min between each trial. would take deceleration maneuver as the headmost reaction to avoid collision; others would resort to turning the steering wheel or the combination of deceleration and steering according to different collision type. Figure 5 shows the deceleration and headway distance from the brake onset of the lead vehicle to the end of the driver's brake in selected near-crashes. A common pattern can be found in the figure that, after a short reaction time, all the drivers took deceleration actions to respond to the sudden brake of the lead vehicle. In addition, the deceleration rate of drivers kept increasing until a maximum value was reached; the maximum deceleration rate stayed constant for a while and then the deceleration rate decreased to zero, meaning that the drivers recovered their speeds gradually. The pattern found here was consistent with Li et al's [41] study. The headway distance during this process continued to decrease until the following vehicle was done with its deceleration maneuver. A minimum headway distance was reached, and a rear-end collision occurred with the minimum headway distance less than a critical headway (represented as D ). Because the minimum headway distance mostly occurred when drivers kept the maximum deceleration rate, the rear-end collision avoidance process in this paper was simplified into three phases including braking reaction phase (0∼t ), decelerating control phase (t ∼ t +t 1 ), and maximum deceleration rate keeping phase (t +t 1 ∼ t +t 1 +t 2 ), as shown in Figure 6 . The definitions of the three phases are listed as follows: the following vehicle (simulator) and this duration is represented by t (2) Decelerating control phase: during this period, the deceleration rate of the following vehicle increased to its maximum value within a time span of t 1 (3) Maximum deceleration rate keeping phase: the maximum deceleration rate of the following vehicle is kept in this phase and the time span was represented by t 2
Rear-End Collision
Based on the deceleration pattern and the three phases described in Figure 6 , the rear-end avoidance behaviour model was presented as follows: in which, is minimum headway distance during rear-end collision avoidance; is critical headway distance for rear-end collision; ( ) is headway distance during rear-end collision avoidance; is headway distance when lead vehicle began to decelerate; is driver's braking reaction time; t 1 is time duration of decelerating control phase; t 2 is time duration of maximum deceleration rate keeping phase; t is time duration of lead vehicle' deceleration; ( ) is driver's deceleration at time t; is driver's maximum deceleration during the braking process; is deceleration of lead vehicle; ( ) is speed of lead vehicle at time t; is initial speed of lead vehicle; is speed of lead vehicle after its deceleration; is driver's initial speed; ( ) is driver's speed at time t.
Rear-End Risk Uncertainty Analysis Based on Monte Carlo
Simulation. The Monte Carlo simulation which has been widely adopted in physical process related fields [42] and economic risk analysis [43] [44] [45] is adopted in this study. The Monte Carlo simulation uses random numbers to select random samples of the required model input data with given probability density functions and operates numerous simulation replications in order to generate values for model output variables. This repetition procedure finally leads to a distribution of output variables value and usually is in the shape similar to normal distribution [46] , which can be analyzed and transformed into probability density functions [42] .
During the whole car following process of this experiment, driving behaviour of each driver will be uncertain and random in part due to the variety of participants. Thus, uncertainty analysis using the Monte Carlo simulation to investigate the uncertainty of several driving behaviour was applied to obtain a meaningful prediction of the probability of the collision events. In this paper, the data obtained through the driving simulator experiment was analyzed in detail to obtain input data for the Monte Carlo simulation. The parameters used to calibrate related behaviour variables were varied in the form of normal distribution, and the Monte Carlo simulation input variables were selected in the range of normal distribution at random. The criterion for the assessment of collision occurrence was evaluated by the headway distance between the lead vehicle and driving simulator. The headway distance can be calculated by the rear-end avoidance behaviour model proposed in Section 2.3. Once the headway distance was less than the critical distance, one collision occurred and counted. The simulation was run 10000 times in total. Figure 7 shows the overall Monte Carlo simulation process.
Experiment Results Analysis
Car-Following Behaviour Analysis.
In the car-following process, a safety distance with the lead vehicle, a quick reaction time, and a proper speed response are undoubtedly crucial for drivers when encountered with an emergent rear-end collision. According to the rear-end collision risk model proposed in Section 2.3, drivers' reaction time, maximum deceleration rates, and deceleration control time all affect the risk of rear-end collisions. However, these variables are uncertain and could be affected by the change of the lead vehicle's driving status. Therefore, some variables which can represent the lead vehicle and following vehicle's initial driving status were then extracted. Table 1 shows the correlation analysis results. It was shown that the lead vehicle's deceleration rate a , initial driving speed V , and speed after its deceleration V all had a significant relationship with drivers' reaction time t . When the lead vehicle brakes harder, drivers tend to react faster with the correlation coefficient being -0.233. The lead vehicle's driving speed before and after its deceleration also had a relationship with drivers' reaction time, but the correlation seems to be in a small magnitude with the correlation coefficient being 0.114 and 0.155, respectively. Among the independent variables listed in Table 1 , the relationship between headway distance and drivers' reaction time is the largest (correlation coefficient = 0.373). Generally, a short headway indicates potential danger as the small available space-time is left for drivers [47] . Thus, drivers may stay alert and react fast to the speed change of the vehicle which is not far in front. As to deceleration control time t 1 , all variables had a significant correlation with it except for the lead vehicle's driving speed after deceleration. The correlation coefficients between t 1 and V , V are both 0.338, which indicates that when the lead vehicle brakes suddenly and the lead and following vehicles maintain a higher driving speed, drivers need a longer deceleration control time to decelerate to a certain speed. In addition, the deceleration control time also had a positive relationship with the lead vehicle's deceleration rate (correlation coefficient = 0.186). When the driving condition occurred more urgently, the emergency control time for drivers tended to be longer. Headway distance is also an important variable positively correlated with emergency control time (correlation coefficient = 0.360).
Intuitively, when the lead vehicle decelerates at a larger deceleration rate, the following vehicle needs to brake harder to avoid a rear-end collision accordingly. The experiment results show that the lead vehicle's deceleration rate has the strongest correlation with the following vehicle's maximum deceleration rate a (correlation coefficient=0.501), whereas the lead vehicle's driving speed after deceleration V and headway distance D have a negative correlation with the following vehicle's maximum deceleration rate. When the lead vehicle's driving speed does not change a lot, a smaller deceleration rate may be enough for drivers to adjust the driving speed. The larger headway distance allows a larger space-time for drivers to control the vehicle, and thus the maximum deceleration rate would be smaller.
Development of the Rear-End Collision Avoidance
Behaviour Model. Based on the above correlation analyses, all of the variables had significant relationships with drivers' rear-end collision avoidance performance and may further affect the occurrence of rear-end crashes. Nevertheless in most previous studies, some variables indicating driver characteristics such as reaction time were usually assumed as constant across individuals (the GHR model, for example). Thus the rear-end collision avoidance behaviour model built in this study represents the collision avoidance process and contains all potential factors that can reflect the drivers' heterogeneity. Further, the linear regression analyses were conducted to model the relationships between the dependent variable y and one or more explanatory variables denoted by X . The basic form of the model is shown as follows:
The stepwise regression as an extension of linear regression models based on Pearson's correlation coefficient was adopted in this study. In this method, a model that contains all potential dependent variables is firstly constructed, and in order to maintain the model with the highest determination coefficients and maintain the significance of the parameters, some of the variables will be then gradually eliminated [48] . Thus, the variables that can reflect the initial status of the lead vehicle and following vehicle were input as potential factors in the regression analysis to calibrate the key variables in the rear-end avoidance behaviour model, including reaction time (t ), decelerating control time (t 1 ), and maximum deceleration (a ). The basic function can be described as follows and the summary of stepwise regression results of t , t 1 , and a is listed in Table 2 .
where m , n , and u are regression parameters. Thus, the regression formulas with calibrated parameters for each variable are shown as follows:
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= 0.244 + 0.212 − 0.216 + 0.098 − 0.094 + 3.636.
The maximum deceleration rate keeping phase which was represented by t 2 can be calculated as the time when minimum headway distance is reached (represented by ( )) minus t and t 1 , according to the simplified deceleration rate curve shown in Figure 6 . Thus, the whole rear-end collision avoidance behaviour model during deceleration process can be described as 
Uncertainty Analysis of Rear-End Risk.
The rear-end collision avoidance behaviour model was further applied for the Monte Carlo simulation. In the simulation, the lead vehicle was assumed to decelerate from 60 km/h to 40 km/h with a deceleration rate of 4 m/s 2 . The distributions of regression parameters with a 95% of confidence interval for determining t , t 1 , and a are listed in Table 3 . The initial speed (V ) and headway distance (D ) of following vehicle before the lead vehicle's brake onset were sampled from experiment data and followed the normal distribution as ∼ N(16.78, 2.00) and ∼ N(27.98, 10.43), respectively. Additionally, the critical distance (D ) which was used to define a rear-end collision occurrence between the lead and following vehicles is assumed to be 4 m (the headway distance was measured between the center points of the lead and following vehicle), which means that a rear-end collision occurs if the headway distance is less than 4 m.
The Monte Carlo simulation was operated with 10000 simulation replications and the distributions of key variables were generated. Comparing the Monte Carlo simulation results with the driving simulator test results (as shown in Table 4 ), it is found that all the variables' distributions were quite close to the driving simulator results. Figure 8 shows the distribution of these key variables achieved by Monte Carlo simulation. Figure 9 illustrates the distribution of driving speed during the rear-end collision avoidance. The black solid line, green line, and red line represent the mean, upper bound, and lower bound of the following vehicle's speed, respectively. It can be found that drivers whose driving speed reduced more rapidly seem to react faster to the lead vehicle's speed reduction. Figure 10 illustrates the deceleration rate of the following vehicle with upper bound and lower bound. Correspondingly, drivers who react faster to the sudden brake of the lead vehicle tend to take a larger deceleration rate.
In order to investigate the influence of driving speed and headway distance on the rear-end collision risk, the Monte Carlo simulation was also operated based on the initial speed Table 5 and Figure 11 show the simulated distribution of headway distance and the number of collisions. According to the simulation results, more collisions occur with the headway distance being 15 m. For example, when the following vehicle's initial speed is 14 m/s and 16 m/s, no collisions occur; when the following vehicle's initial speed increases to 18 m/s, the number of collisions increases to 3717. When the following vehicle's initial speed exceeds 18 m/s, the probability of rearend collision reaches 100%. However, when the headway distance is 20 m, no collisions occur with the following vehicle's initial speed less than 18 m/s. More collisions occur when the following vehicle's speed is 20 m/s and 22 m/s (3257 and 9856, respectively). With the headway distance continuing to increase, collisions reduce to zero with the initial driving speed being 20 m/s. When the headway distance increases to 30 m, only six collisions occur with the initial following speed being 22 m/s. Studies conducted in both a field study [49] and a driving simulator study [50] had shown that the headway distance between vehicles was longer at a higher driving speed. Thus when driving speed continues to increase while the headway still keeps the same distance, it may be difficult for drivers to make a timely response to avoid a rear-end collision with the lead vehicle. Another interesting result is that, with the same initial following speed, 18 m/s, for example, the number of collisions reduced from 3717 to zero when headway distance increased from 15 m to 20 m. According to the previous studies [51, 52] , the mean time headway to keep safe was about 1-2 s. Thus a safety distance may be reached between 15 m and 20 m, and once the initial headway distance in this simulation surpassed the safety distance, the collisions reduced significantly.
Conclusions
The present study developed a rear-end avoidance behaviour model considering drivers' individual differences during the car-following and collision avoidance process, filling the gap of most previous studies that ignored driver heterogeneity. The most significant difference was that the key variables in the collision avoidance such as reaction time and maximum deceleration were input into the model as distribution form instead of constant value. A Monte Carlo method was applied in the model simulation. The simulation results verified the effectiveness of the model and further examined the influence of driving speed and headway distance on the rear-end collision risk. As the major role of distance to avoid rearend crash has been verified by numerous studies [53, 54] , this study investigated its combined effect with driving speed and further found that, on one hand, when the headway distance kept by following vehicle fell below 15 m, the probability of rear-end collisions increased significantly with driving speed continuing to grow. On the other hand, when the driving speed was small, the collision risk was not significantly different with different distance distribution. However, as the driving speed exceeded 18 m/s, the risk of rear-end crash grew rapidly with the decrease of headway distance. As Hamdar [25] and Treiber and Kesting [26] presented, human factors included many aspects. External performance was generally accompanied by internal motivations. Thus, future studies will focus on drivers' eye movement in the car-following process with data collected by eye tracker, which may provide a better understanding of the cognitive process in the rearend collision avoidance.
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